The assimilation of refugees into their host community economic structures is often problematic. The paper investigates the ability of refugees in rural South Africa to accumulate assets over time relative to their host community. Bayesian spatial-temporal modelling was employed to analyse a longitudinal database that indicated that the asset accumulation rate of former Mozambican refugee households was similar to their host community; however, they were unable to close the wealth gap. A series of geo-statistical wealth maps illustrate that there is a spatial element to the higher levels of absolute poverty in the former refugee villages. The primary reason for this is their physical location in drier conditions that are established further away from facilities and infrastructure. Neighbouring South African villages in close proximity, however, display lower levels of absolute poverty, suggesting that the spatial location of the refugees only partially explains their disadvantaged situation. In this regard, the results indicate that the wealth of former refugee households continues to be more compromised by higher mortality levels, poorer education, and less access to highreturn employment opportunities. The longterm impact of low initial asset status appears to be perpetuated in this instance by difficulties in obtaining legal status in order to access state pensions, facilities, and opportunities. The usefulness of the results is that they can be used to sharpen the targeting of differentiated policy in a given geographical area for refugee communities in rural Africa.
INTRODUCTION
T he assimilation of refugees into their host community economic structures is often problematic from a number of perspectives. Firstly, the traumatic nature of their transition is exacerbated because these groups arrive with few assets and experience difficulties with respect to their initial assimilation into the economic and social structures of the host country (Chambers, 1986; Kuhlman, 1990; O'Brien et al., 2009) . Secondly, the difficulties of the transition are aggravated by high levels of poverty in rural Africa that have increased in recent decades as a result of globalisation, disease, climate change, and urban migration (Bryceson, 2004; Mertz et al., 2005; Rodgers, 2008; Sherbinin et al., 2008) . Finally, the disadvantaged economic situation of refugee communities is perpetuated because of an inability to access institutions and invest in new opportunities (Binswanger 2004; Kydd et al., 2004; Sherbinin et al. 2008) . Mozambican refugees in rural South Africa arrived in the 1980s to 1990s with very few assets as a result of fleeing from a civil war (1975) (1976) (1977) (1978) (1979) (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) . In addition, their situation was compromised by high levels of poverty in rural South Africa because of historical legacies that have fundamentally skewed the wealth and population demographics of the country (Bryceson, 2002a (Bryceson, , 2002b Kariuki, 2004; Machethe, 2004) . In this regard, South Africa's highly skewed bi-modal economy has exacerbated the plight of the rural poor as a result of a focus on urban industrial development at the expense of the rural economy (Bryceson 2002a (Bryceson , 2002b . Furthermore, despite consistent GDP growth from 1994, income inequality in rural South Africa has deepened (Armstrong et al., 2008) . As a result of these circumstances, this groupfrom here referred to as 'former Mozambican refugees' -experience higher levels of poverty and mortality nearly 20 years after their arrival (Rodgers, 2008; Collinson, 2010) . This paper investigates the ability of refugees in a rural South African community to improve their asset wealth [socio-economic position (SEP)] relative to their host community over a long tenure in the community. In particular, the paper investigates the dynamics of asset accumulation in a refugee community in order to target as well as make policy suggestions for their assimilation. The first research question tests whether the asset accumulation rates of former refugees and local households are different, as well as whether there is a persistent wealth gap (SEP) between the two sets of households. The second research question tests whether there is a spatial element that influences the household wealth of refugees. The third research question investigates what variables influence the asset wealth (SEP) of households in a rural community, as well as whether these variables show significant differences between former refugee and local households.
The importance of the study is underlined by the World Bank's increasing concern about rural poverty in Africa that has contributed to rapid urbanisation, overcrowding and a fierce competition for scarce resources. This problem is particularly problematic in South Africa (Bryceson, 2004; Machethe, 2004; Mertz et al. 2005) . In particular, the study makes a contribution by extending the rural poverty debate to include a refugee context (Onyu et al., 2009; Schatz, 2009) . The paper also makes a methodological contribution as a result of the application of a Bayesian multivariate model to track socioeconomic phenomena such as poverty dynamics. In particular, this method ensures that the significance of predictor variables is not overstated because of spatial correlation (Elliot et al., 2000) . Finally, the use of simulation-based Bayesian kriging maps makes a contribution by their ability to predict wealth (poverty) at village level in order to sharpen the focus of geographical targeting for policy makers (Gelfand et al., 1999) .
The remainder of the paper is structured as follows: A Conceptual Framework outlines a conceptual framework that explains the dynamics of asset accumulation rates and their impact on SEP. Data and Method describes the data and method employed. Results and Discussion present and discuss the results, respectively. Finally, Conclusion and Recommendations concludes the study and makes some policy recommendations.
A CONCEPTUAL FRAMEWORK
This section develops a conceptual framework, illustrated in Figure 1 , to explain the dynamics and direction of asset accumulation in a rural community. In this regard, the historical legacies of communities influence the initial asset status of households, as well as their characteristics. These factors, in turn, influence their choice of household strategies that largely determine income earning opportunities, asset accumulation rates and their outcome, namely, asset wealth, or SEP.
resources, as well as household status in a local social hierarchy (Howe et al., 2008) . In Figure 1 , initial SEP status is explained as a long-term effect of inter-generational transfers that include natural, social, human, physical, and financial assets (Wu and Pretty 2004; Barrett, 2005) . SEP is often measured by using a bundle of household assets (Booysen et al., 2008) and can be disaggregated into four possible categories of rural wealth status. Two of these categories include 'always poor' (poor then poor now) and 'descending into poverty' (not poor then, poor now). The other two groups are 'never poor' and 'ascending out of poverty' (poor then, not poor now). Changes in SEP can be calculated by estimating the aggregated difference between the number of households that ascend out of poverty and those that descend into poverty during a given period (Sen, 2003; Krishna, 2006) .
Historical Legacies and Household Characteristics
Historical legacies have fundamentally influenced many African countries that have been subjected to decades of colonial rule, inept governments, corruption, succession wars and agro-climatic change (Bryceson, 2004; Mertz et al., 2005; Rodgers, 2008; Sherbinin et al., 2008) . In South Africa, for instance, the 1913 Land Act largely determined where Black citizens could live for the next nine decades. Furthermore, historical economic policies have influenced the development of a dual economy that is largely urban based. These legacies, illustrated in Figure 1 , have had a pervasive long-term effect on the initial SEP of rural households, institutions, and infrastructure (Williamson, 2000; Barrett, 2005) . In this regard, initial asset status (SEP) is a critical factor that perpetuates a household's options (Barrett, 2005) , as well as impacts on the household SEP growth rate and strategy choices, household size, education, social status, and employment opportunities (Schwarze and Zeller, 2005; Anriquez and Valdes, 2006; Vermeulen et al., 2008; Xing et al., 2008) .
Household characteristics, strategy, and SEP The dynamics of asset accumulation rates are primarily influenced by existing household assets and characteristics that are mediated by the presence of institutions, shocks, and opportunities. A household's size, health, education levels, and social networks, illustrated in Figure 1 , largely determine its income generating strategies. These strategies, in turn, influence asset accumulation rates that translate into the SEP of the household. SEP, however, also has a reverse (cyclical) influence (see direction) on household characteristics in that wealth created is often re-directed at improving social status, education, or health (Sen, 2003; Krishna, 2006) .
A wide range of household strategies influence SEP in rural Africa and the opportunity led strategies of wealthier rural households are very different from the survival led strategies of the poor (Barrett, 2005) . Wealthier households (never poor), for example, are better able to adopt highreturn strategies (pull led) because they have the necessary assets, ability, and social networks to access opportunities. Wealthier households (high SEP), moreover, are able to fund investment opportunities such as new technology or diversification that further accelerates asset accumulation and raises SEP. Improved SEP, moreover, allows a household to invest in healthcare needs and + *source (Kuhlman, 1990; Collinson 2010 education, to elevate social status, and facilitates the future adoption of high-return strategies (Barrett et al., 2001; Barrett, 2005; Ardington et al., 2009) . Conversely, poorer households (always poor) are more likely to have higher numbers of dependents, a poor education, and limited social status and networks. These households are, in effect, forced into adopting complimentary type low-risk, low-return strategies in order to survive because they lack both the assets and the ability to fund high-return options. They also have limited funds to invest in healthcare and education, and they are less able to fund shocks. These households, in effect, remain locked into low-income opportunities because they are unable to fund investments that would improve their strategic options (Sen, 2003; Elmquist and Olsson, 2006; Krishna, 2006; IIYama et al., 2008; Lay et al., 2008; Mendola, 2008; Wouterse and Pieterse, 2008) . Because of a combination of a lower initial asset status (SEP) and less lucrative strategy options, poorer rural households are unable to close the wealth gap (SEP) with richer households (Barrett, 2005) . Poorer households, moreover are also more vulnerable to natural disasters, illness, and death than richer households (Schatz and Ogunmefun, 2007; Goudge et al., 2009a Goudge et al., : 2009b Schatz et al., 2011) , as well as less able to sustain economically inactive dependents (Urassa et al., 2001; IIYama et al., 2008; Lay et al., 2008; Wouterse and Pieterse, 2008) .
DATA AND METHOD
This section briefly describes the location and type of data used to test the research questions before outlining how the data were analysed.
The Data
The Agincourt Health and Socio-Demographic Surveillance Site (HDSS) constitutes a rural subdistrict of the Bushbuckridge municipal area that is located in Mpumalanga Province in the northeast of South Africa. A national park, forming the border with Mozambique, is situated on the eastern boundary of the site. Furthermore, the site occupies 400 km 2 that includes 21 villages with a combined population of 70,000 inhabitants living in 12,167 households. A third of this population are of Mozambican origin, many of them arriving as refugees in the early to mid1980s during the civil war (Schatz, 2009 (Polzer, 2004) . In fact, the latter category relates to more recent refugees that fled from Mozambique as a result of a civil war (1975) (1976) (1977) (1978) (1979) (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) . For the purposes of this paper, we use the term former (Mozambican) refugee for those inhabitants who arrived in the mid-1980s as a result of the civil war in Mozambique. The original inhabitants of this area are referred to as South African.
A household level (unit of analysis) panel data structure was used for the years 2001, 2003, 2005, and 2007 . The data recorded the establishment of new households established after 2001, as well as recorded dissolutions between 2001 and 2007. In order to track households identified as former Mozambican refugees, we established this status on the registration of a new household for each household member. Furthermore, the description of former refugee was retained for the full period of the study, regardless of changes in their legal status, which could include the acquisition of a permanent residence document or South African citizenship (Landau, 2005) . To ensure that we did not overestimate significance because of households that dissolved and reformed within the site under another identifier, we checked for households with common individual identifiers, established linkages if individuals were shared and clustered upon this in the analysis. The data used were largely categorical and were gathered as a result of censuses that included a detailed survey of the demographics of the households. In this regard, a GIS system exists for all households within the site that is updated each year. An asset survey was also conducted every 2 years between 2001 and 2007. The assets recorded in the surveys included a range of appliances, telecommunications facilities, transport, and toilet facilities. Further assets included water supply type, the main source of cooking power and lighting, and the size and structure of the family swelling. Finally, we also included the number of livestock in response to the recommendations of other researchers (Jabbar et al., 2002; Berzborn, 2007) . The predictor variables influencing SEP were selected on the basis of the theoretical relationships described in the conceptual framework (Fig. 1) . These included household head demographics (age, gender, nationality, mortality due to HIV/TB or other causes), household mortality, duration of household existence at first asset observation, dependency ratio (<18:≥18 years old), migration patterns of household occupants, labour types, education, ownership, or access to farming land. It should be noted that some of these predictors are not tracked annually at each census update and hence could not be included in the final multivariate model because of missing observations in certain of the panel years.
The Methods
The paper incorporates a combination of static and dynamic analysis. These methods include descriptive analysis, a combination of classical and Bayesian univariate, and multivariate models and simulation-based Bayesian kriging.
The First Research Question
The first research question, namely, whether the asset accumulation rate of former refugee and local households are different, as well as whether there is a persistent wealth gap between the two sets of households, was tested as follows. Firstly, a table of assets was constructed for both former refugee and South African households for the four census years (2001, 2003, 2005, 2007) . The rate of asset accumulation was then tested by developing line plots on the basis of regression models for both South African and Mozambican households using the year as a predictor. In order to test if there was a significant difference in the mean wealth (assets) of the two categories of household, we ran a series of two sample t-tests for each year.
The Second Research Question
The second research question tests whether there is a spatial element with respect to household wealth. In order to track the location, extent, and persistence of household poverty in the Agincourt HDSS site, we produced a series of spatial maps for the period 2001 to 2007. A multiple correspondence analysis (MCA) index was developed as a proxy for SEP (Howe et al., 2008) and simulation-based Bayesian kriging (Gelfand et al., 1999) was used to produce maps for each of the four panel years of the study period. The smoothed maps predicted the MCA asset score at numerous prediction points (regular grid) within the site for each of the panel years (WINBUGS software). This approach allowed us to predict the asset count at un-sampled locations throughout the site and thus generate the smoothed maps. A baseline linear model (see Appendix 2) was used, which included no covariates except a constant and spatial (village level) random effect modelled as a parametric function of distance between pairs of village centroids (Diggle et al., 1998) . Village centroids were superimposed on each map. Lighter areas represent higher levels of poverty (or lower SEP) whereas, conversely, the darker areas represent higher levels of SEP. In order to analyse areas of persistent poverty, as well as better interpret the smoothed maps, we calculated the percentage of households below the absolute poverty by using a set of baseline assets (Booysen et al., 2008) . These assets included ownership of a radio and bicycle, a cement floor in the house, and access to public water and a pit latrine. This information was then used to compare poverty over the full period in South African versus former Mozambican refugee households, as well at each of the 21 villages in the site.
The Third Research Question
The third research question investigates what variables are associated with wealth (SEP), as well as whether these variables show significant differences between former refugee and local households. This question was tested by a range of univariate and multivariate classical and Bayesian ordinal regression models. A classical model (with no random effects) was run for comparative purposes.
We chose a Bayesian methodology to predict SEP in order to address a number of spatial and temporal problems. In this regard, objects in close proximity are often more alike. Thus, common exposures (measured or unmeasured) may influence SEP similarly in households of the same geographical area, introducing spatial correlation in the outcome. Repeated data are also expected to be correlated in time. Standard statistical methods, however, assume independence of outcome measures, thus ignoring correlation bias for two reasons. Firstly, the standard error of the covariates is underestimated, thereby overestimating the significance of the risk factors. Secondly, estimates of SEP outcomes would be incorrect at locations where data are lacking. Geo-statistical Bayesian models relax the assumption of independence and assume that spatial correlation is a function of distance between locations. They are highly parameterised models, and their full estimation has only become possible in the last decade by formulating them within a Bayesian framework (Hedeker and Gibbons, 1994) and estimating the parameters via Markov chain Monte Carlo (MCMC) simulation.
Construction of the dependent variable (SEP indices)
A set of assets, employed by the World Bank, was used to develop a wealth (SEP) index for each household (Gwatkin et al., 2000; Howe et al., 2008) . These assets included a balance of purchased household assets, housing quality, water and sanitation. Livestock ownership was also included in our set of assets because of their importance in rural African communities. The use of household assets (wealth indices) to determine SEP has been adopted by a number of other studies (Gwatkin et al., 2000; Sahn and Stifel, 2003) . In this regard, household asset status is a reliable proxy for long-term consumption expenditure (Booysen et al., 2008) . Furthermore, measures of income and consumption expenditure are difficult and costly to obtain in a rural setting, and measures of income can vary widely from season to season (Howe et al., 2008) . SEP indices were constructed using an absolute asset count, principal component analysis (PCA) and MCA. The weights used for both the PCA and MCA indices were those from the first dimension. We chose to use an MCA-based index (see APPENDIX 1) after a detailed evaluation of the properties of the three measures, as well as because it is better suited to categorical data (Howe et al., 2008) .
Explanatory variables
The explanatory variables used in the univariate and multivariate analysis were based on well tested issues in the literature (Sen, 2003; Malmberg and Tegenu, 2007; Sherbinin et al., 2008; Collinson, 2010) . These variables included year, household head demographics (age at panel year, gender, nationality, death), household factors (duration or years existed at asset observation, number of individuals in household 18+ or <18, hospital admissions in a given panel year, the migrant proportion, and the number of working individuals in the preceding year). Household head status was classified as former refugee or South African, and a variable was developed to track the proportion of the household that were former refugees. Other predictors included the death of household heads and other household members in both the preceding and current years, education years of household occupants and household child grants received, ownership or access to and usage of farming land, and selected employment opportunities in the professional and government sectors. The definition of migration discriminates between permanent and temporary to reflect a high dependency on temporary labour migration in this population . We also use temporary migration in the household migrant ratio because this has been shown to have significant positive linkages with SEP (Collinson et al., 2006) .
Univariate and multivariate analysis
A preliminary analysis of the univariate relationships was carried out using STATA (STATACORP LP, College Station, Texas). In this regard, ordinal regression techniques (clustered on household level) were used to assess the relationship between the relevant ordinal wealth category and each covariate. Significant covariates (10% level) emerging from the univariate analysis were then selected as inputs for the multivariate models. These models included two non-spatial models. The first was a classical non-spatial model (STATA).
The parallel regression assumption was tested using the Brant test. The second was a non-spatial [WINBUGS (MRC Biostatistics Unit, Imperial College of Medicine, Cambridge, UK)] using a Bayesian modelling approach with the third model being a spatial (or geo-statistical) model also incorporating an unstructured household level random effect. This multilevel random effects ordinal model (Hedeker and Gibbons, 1994) incorporated a Bayesian geo-statistical approach in order to account for spatial correlation in the panel data set whereas the unstructured household level random effect was included to adjust for repeated measurements on a given household. Spatial correlation was measured at village level and a household level random effect for repeated longitudinal measurements on households. Further details of the Bayesian statistical model can be seen in Appendix 2.
RESULTS
The results investigate the three principal research questions. These included whether the asset accumulation rare (SEP) of refugee households was different from local households, investigating the variables that are associated with SEP and determining whether differential levels of asset accumulation (poverty) can be mapped over time and space in a rural community.
Is the Asset Accumulation Rate of Former Refugee and South African Households Different, and Is There a Persistent Wealth Gap?
The results indicate that the average number of assets owned, illustrated in Table 1 , increased for both South African and former refugee households over the period 2001 to 2007. The increase in overall asset status is supported by a considerable increase in high cost items such as fridges, stoves, TV sets, video machines, cellular phones, and cars. Conversely, the number of radios, fixed line telephones, bicycles, carts, and livestock has declined. The results also indicate an increased access to electricity for lighting and cooking and to pit toilets and a marked increase in the number of plans to extend the main dwelling. Contrary to the general increase in assets, regular water supply appears to have decreased in place of irregular water supply. The general increase in assets is supported by other studies in the province (DSP, 2006) , and the positive influence of an electrification program is also commonly linked to an increase in assets (Kanagawa and Nakata, 2008) .
The results in Table 1 indicate that the average number of assets owned increased by 17.7% for South African households and by 24.7% for former refugee households. In order to assess the asset accumulation rates of the two groups, we developed simple bivariate regression models for South African and former refugee households by using time as a predictor (census year). SEP or asset wealth, moreover, was calculated using an MCA index (Booysen et al., 2008) in order to develop a more accurate measure of wealth than the number of assets illustrated in Table 1 . A temporal line curve, illustrated in Figure 2 , indicates a highly significant increasing relationship between time and SEP for both (pooled) South African and Mozambican households (p < 0.001). The two models, moreover, had almost identical coefficients (exp(b) = 1.20) for the predictor (time), indicating a similar asset accumulation rate for both sets of households from 2001 to 2007. A consistent asset gap is, therefore, maintained for the full period.
A series of two sample t-tests for each of the four census years confirms a highly significant (p < 0.001) difference between the wealth (SEP) levels of the two sets of households with mean difference in absolute asset count of approximately 1.8. Finally, the asset gap (asset count-not MCA) between South African and former refugee households appears to widen in 2003 (Table 1) , but restabilises in 2005 through to 2007, and we conclude a persistent constant gap (Fig. 2) on the basis of the weighted asset index (MCA).
Is There a Spatial Element with Respect to Household Wealth?
The four spatial-temporal maps, illustrated in Figure 3 , show the spatial proximity of 21 villages, as well as indicate the level of assets owned (MCA index) for each of the four census years. The maps indicate a general increase in asset ownership (maps darken) for the period except for 2003, which indicates a decrease in asset wealth in some of the villages in the south-east. In particular, the maps indicate a cluster of five poorer former Mozambican villages (12, (17) (18) (19) (20) Villages 18 and 19 retained absolute poverty level percentages of 81% and 76%, respectively, in 2007. Interestingly, many of the poorer South African villages (villages 5-8) were also situated in close proximity to the border of the national park running south-east through the site. Village 21 (South African), however, has higher levels of absolute poverty because it was established as a low-cost housing site for disadvantaged South African citizens. In general, more infrastructure and facilities are located in the western sector of the site. It is interesting to note the villages with a very high Mozambican content (>50%) also indicated a lag factor that was maintained throughout the period 2001 to 2007. The results, therefore, demonstrate that there is a spatial element with respect to the distribution of SEP across the site and that, despite an overall improvement in SEP, households in former refugee villages are more likely to fall under 
What Variables Influence Asset Wealth (SEP)?
The bivariate results, illustrated in Table 4 , indicated a number of highly significant relationships (<0.001) between SEP and a range of predictor variables. In this regard, SEP was significantly positively influenced by older male household heads, as well as older households. Furthermore, SEP was positively associated with the number of working individuals, by the proportion of temporary migrants and especially by access to farming land. Households with higher levels of secondary and tertiary education, moreover, had a 4.8-fold higher chance of being wealthier. The biggest influence on wealth creation, however, was a situation when more than one household member was employed in the government, professional or skilled private sector that positively increased the odds of increased SEP by 10.38 fold. Household SEP was negatively influenced if it was headed by a former refugee, and the larger the percentage of former refugee household Similarly non-significant when comparing these numbers in preceding year with current year SEP.
2 Large percentage of missing data (due to nature of certain specialised modules) hence not included in final multivariate models. Model also includes an unstructured household level random effect (pooled).
members, the lower the SEP. Household deaths also had a major negative effect on SEP, especially if the household head died because of HIV/AIDS infection. SEP also appears to be negatively associated with the number of child grants received, indicating rather that poorer households are more likely to access child grants.
The multivariate results, illustrated in Table 5 , incorporate three different models. All three models are reasonably consistent with respect to their prediction of the odds ratios for a majority of the predictors. The difference in the odds ratios between Models 1 and 2-3 is explained by the fact that the latter two models incorporate an unstructured household level random effect. The models confirmed a consistent significant positive relationship between SEP and time, which supports the contention of an overall increase in asset wealth ( (Table 1) , as well as the results of the reported SEP changes in the 2003 spatial map (Fig. 3) . Thereafter, there was no significant gain in the years 2005 and 2007 as shown by the odds ratios that were slightly above 1 (see Model 1).
All three models indicate that larger (more than three members), older households and households headed by a man, were wealthier (MCA asset score). In particular, all the models indicated that SEP was positively influenced by higher levels of secondary and tertiary education, as well as significantly positively influenced if household members were employed in the government, professional or private skilled sectors. The positive impact of these categories of employment on SEP was specifically marked (5.13-to 18.70-fold increase) if a household had more than one member employed in these highreturn sectors. Conversely, the death of the household head, especially due to HIV/AIDS, has a profound negative impact on household SEP in all the models.
South Africans and former refugee comparisons
The results indicate no significant difference in household head death proportions between South African-headed and Mozambican-headed households (OR = 1.01; p = 0.934). However, Mozambican-headed households did appear to have a significantly higher overall household proportion of deaths, which supports the findings of Collinson (2010) . The results also indicated that South Africans had a significantly higher number of secondary and tertiary education years (p < 0.001), as well as a significantly higher proportion of labour migrants than their Mozambican counterparts (p < 0.001) as confirmed in other studies Rodgers, 2008) . Presumably, because of the reduced ability of former refugees to access labour migrant options, Mozambican households had a significantly higher proportion of maleheaded households; however, they were younger (<40 years) than male-headed South African households (p < 0.001). Further analysis of household age (duration) indicates a significant difference (p < 0.001) between South African households who had an average duration of 13.15 years compared with 11.59 years for former refugees. Finally, the results indicate that South African households had a significantly higher proportion of individuals involved in government, professional or private sector skilled work when compared with Mozambican-headed households (p < 0.001).
DISCUSSION
This section further discusses the results with respect to the persistence of the wealth gap, the spatial nature of poverty and the dynamics of asset accumulation.
The Persistent Wealth Gap
Recent evidence in Southern Africa suggests that refugees can be exposed to multiple stressors that impact negatively on their ability to integrate into the economic activities of their host community (O'Brien et al., 2009) . Our results show that there was a persistent (constant) wealth (SEP) gap between former refugee and South African households despite the fact that former refugee households had slightly higher asset accumulation rates in terms of the number of assets (Table 1) . In this respect, the refugees arrived with very few assets (Dolan et al., 1997; Rodgers, 2008) and were unable to close the wealth gap because their asset accumulation rate was influenced by lower return strategies levied off a lower initial asset base. The long-term effect of a low initial asset status (Barrett, 2005) , therefore, continues to affect their asset accumulation rate despite having arrived over 20 years ago (Schatz, 2009; Collinson, 2010) . This inability to close the wealth gap, moreover, has been compounded by difficulties with respect to attaining legal status, as well as social discrimination with respect to labour opportunities (Landau, 2005) . Finally, former Mozambican refugees were unable legally to access social grants until 2006 (Schatz, 2009 ) and were, thus, precluded from this important stabilising source of income that was available to South African residents (Booysen and Van Der Berg, 2005) . The question remains, however, whether there was a spatial component with respect to the wealth gap.
The Temporal-Spatial Nature of Persistent Differential Poverty
The spatial location of the South African villages can be traced back to the colonial wars in Mozambique. Conversely, the more recently established refugee villages were determined 20 years ago when land was allocated to them on their arrival from Mozambique by the local authorities (see The Data section). In this regard, the temporal-spatial maps illustrate that the five predominantly former refugee villages (12, 17-20 in Fig. 3 ) had high absolute poverty levels in 2001, and this reduced to two in 2007 (18, 19) , which are located in close proximity to the border of a national park. All of these villages are (largely) situated in the south-east sector of the site. Interestingly, some of the poorer South African villages also border the national park (6-8). Conversely, village 11(South African), despite being in the south-east, has lower levels of poverty than all of its neighbouring villages (7, 8, 17) . In this regard, village 11 is the oldest in the area, is situated closest to a road and has a health clinic and, generally, more services and infrastructure than the neighbouring villages. A common denominator with respect to all the villages in the south-east is that they are located in a drier area that is more suited to livestock and shows little potential for intensive agriculture. The south-eastern side of the site, moreover, also has lower levels of infrastructure and facilities. There are, however, degrees of remoteness due to access to different roads in the vicinity of the south-east sector of the site. For example, two South African villages (5, 15) are situated relatively close to a tar road (R536) to the south of the site. The difference in poverty levels of former refugee villages, therefore, cannot be ascribed to the spatial location alone. In this regard, former refugee villages have significantly higher levels of mortality (Collinson, 2010) , lower levels of education, less access to employment, and lower levels of service provision such as water and sanitation (Hargraeves et al., 2004; Kahn 2006; Twine et al., 2007; Schatz, 2009) . Conversely, many of the less poor South African villages are mostly located further to the west and enjoy better natural resources, rainfall and access to infrastructure, facilities, and services (Collinson, 2010) . The higher poverty levels in former refugee villages, in general, can possibly be explained as a combination of spatial location influencing access to natural resources and infrastructure, compounded by refugee status, which has led to differential access to opportunities, social networks, and state pensions (Hargraeves et al., 2004; Hunter et al., 2007; Polzer 2007; Rodgers, 2008; Schatz 2009 ). Finally, the poverty gap between certain villages is perpetuated because of a type of 'neighbourhood effect' that results in wealthier former refugees migrating out of the poorer villages (e.g. 18, 19) and settling in wealthier villages (Collinson, 2010) .
The Dynamics of Asset Accumulation (SEP)
Household SEP is largely influenced by the longterm effect of the inter-generational transfer of assets (Wu & Pretty 2004; Barrett 2005) . SEP, moreover, influences a household's characteristics, in combination with a wide range of other variables, to determine its initial asset status at the starting point of an asset accumulation cycle. In particular, the results also show that older, larger South African households, headed by a man, have higher rates of asset accumulation. Male household heads, in particular, improve a household's economic prospects in rural areas because of improved access to communal resources and social networks (Sen, 2003; Krishna, 2006; Goudge et al., 2009a Goudge et al., , 2009b . Furthermore, the receipt of state grants has stabilised the income of many rural South African households (Landau, 2005; Sherbinin et al., 2008; Goudge et al., 2009a Goudge et al., , 2009b . A combination of factors, therefore, appears to trigger the ability to invest in higher return opportunities, and wealthier households are the most likely to respond (Binswanger 2004; Barrett, 2005; Dimba and K'Obongo, 2007) . Wealthier households also have the resources and social contacts to adopt pull led or highreturn strategies, as well invest in education, healthcare, and social status, thus perpetuating their competitive advantage into the future (Kanagawa and Nakata, 2008; Vermeulen et al., 2008; Xing et al., 2008; Goudge et al., 2009a Goudge et al., , 2009b . Finally, wealthier (South African) households are better able to fund the costs of shocks such as death and disease and are not forced into survival strategies as a result of them (Sen, 2003; Krishna, 2006; Hosegood, 2009; Schatz et al., 2011) .
Conversely, the results indicate that poorer former refugee households have been more recently established and have lower levels of secondary and tertiary education and fewer working individuals. They also had a low initial asset status, and they are physically located in drier, more marginal areas. These households also struggled to secure the necessary legal status to access institutions and employment (Rodgers, 2008; Schatz, 2009; Collinson, 2010) and were unable legally to access state grants until 2006 (Schatz, 2009) . A combination of factors, therefore, forced the former refugees to adopt push led strategies that included lowreturn options such as farm wages, herding, and petty trading (Sen, 2003; Elmquist and Olsson, 2006; Wouterse and Pieterse, 2008) . Their relative disadvantage, moreover, was perpetuated by their inability to invest in healthcare and education, as well as the bigger impact of shocks such as death, medical expenses, and drought .
CONCLUSION AND RECOMMENDATIONS
The paper illustrates the complex, and persistent, nature of asset accumulation in a refugee community in rural South Africa. The results of the first research question indicate that, even though the asset accumulation rate of former refugees was equal to that of its host community, they were unable to close the wealth gap. The usefulness of the results is that they empirically demonstrate the persistent long-term impact of refugee status in a rural African community. The usefulness of the results, moreover, are that they develop and compare a comprehensive set of assets generated by a rural community that is host to a refugee community. In this regard, we believe that the construction of a MCA wealth index that includes livestock contributed to the development of a more reliable proxy for SEP in an African context.
The results of the second research question illustrate that the spatial location of the poorer former refugee villages does not fully explain the higher levels of absolute poverty experienced in these households. In this regard, some South African villages in close proximity also display higher absolute poverty levels, but others do not. The usefulness of the results is that geostatistical-based mapping can pinpoint poverty at an acute local level where neighbouring villages demonstrate significantly different levels in wealth (SEP). In a broader sense, the results illustrate how the dynamic nature of SEP can be modelled by integrating a GIS system with a combination of classical and Bayesian techniques, thus expanding the methodological options for investigating social problems with spatially and temporally correlated data. In particular, the paper recommends the use of Bayesianbased kriging to provide a cost-effective way of geographically targeting villages that require incremental levels of policy intervention. The usefulness of the results, furthermore, is that they demonstrate that spatial location alone is unlikely to have perpetuated the wealth gap experienced by the former refugees.
The results of the third research question illustrated that a range of household characteristics significantly influenced the ability to accumulate assets. Former refugee SEP accumulation rates, for example, were more likely to be compromised by higher mortality rates, as well as poorer education levels and less access to health and high-return local and migrant employment opportunities. The usefulness of these results is that they identify, quantify, and differentiate the impact of certain household characteristics on the asset accumulation rates of former refugees and their host community. In this regard, household characteristics largely determine whether a household has the necessary assets to invest in a highreturn versus low-return strategy. Finally, the results of the third research question suggest that differential household characteristics probably better explains the significantly different wealth levels of the villages rather than their spatial location.
The results and discussion can be employed to suggest a number of policy interventions in a rural community that is host to a refugee community. In the short term, the results indicate that the former refugee villages (18, 19) should be targeted for expanding current levels of support through feeding programs, as well as the provision of basic services. In this regard, the results also indicate that policy is required to ensure former refugees' access to state grants, facilities, and employment. Extending the results of the paper, it becomes clear that policy interventions are needed to ensure full legal status for former refugee communities that have settled in communities in order for these residents to access facilities and employment. Furthermore, the different factors (variables) influencing poverty indicate that policy will need to be coordinated across a number of government departments in order to implement rural development initiatives that alleviate poverty. For example, the results indicate that mortality and education are key determinants of wealth, so policy interventions, in this regard, would suggest the need for programs coordinated by the health, education, and finance ministries.
The reliability of our conclusions, however, is influenced by a number of limitations. Firstly, the SEP increases indicated in our results could be inflated because of exogenous factors such as a government electrification program that appears to have contributed to the acquisition of a range of assets for cooking, lighting, and communications in our survey. Secondly, the study coincided with a period of sustained GDP growth in South Africa that is also likely to have stimulated asset accumulation.
APPENDIX 1
Assessing the asset-based wealth indices Measurements of agreement are of great importance for assessing the acceptability of a new process. The three indices were compared with each other for misclassification of households between tertiles of indices. Kappa statistics (measure of reliability based on the agreement expected on the basis of chance) were calculated to assess the agreement of classification between indices. Kappa is a preferred statistic to estimate agreement for nominal or ordinal scale data (in our case, the variables are ordinal SEP indices). A kappa statistic of 1 indicates perfect agreement and a value of zero indicates no agreement. In general, a kappa statistic of less than 0.5 indicates poor agreement. Misclassification between tertiles was used as the measure of agreement (Howe et al., 2008) .
The relationship between the methods, illustrated in Table 6 , indicates a significantly high level of agreement between the multiple correspondence analysis (MCA) and principal component analysis (PCA) indexes (87%) and slightly less with the absolute count analysis (ACA) index (82%). For those where there was disagreement, all were only one tertile shift away. When comparing this disagreement for MCA versus ACA, we found that the majority of this shift was for ACA score to be one tertile below (6,152 of 8,043 or 76.5%) whereas for MCA versus PCA, this was similarly distributed above or below at 50.9% (3,081 of 6,054). This leads to the conclusion that the ACA generally underscores relative to MCA and PCA indices.
A decision must be made about which weights to assign to each indicator variable when constructing a wealth index. Using an equal weights approach (e.g. ACA), although simple, may be too arbitrary and simplistic, as different assets are unlikely to have equal meaning in terms of SEP. It is for this reason that an MCA tertile index was selected for use in the final univariate and multivariate analysis, as it is it more appropriate for the analysis of the categorical data commonly collected on most assets (Howe et al., 2008) and reduces the computation time of the Bayesian model compared with a tertile index. Moreover, a PCA index was designed for use with continuous variables whereas MCA makes fewer assumptions about the underlying distributions of the indicator variables and is more suitable with categorical or discrete data such as those in our study (Howe et al., 2008) .
The direction of poverty trends can also sometimes be different when using a PCA versus an MCA-based asset index (Booysen et al., 2008) . The most important difference, however, is that PCA requires linear constraints (i.e. assumption that the distance between categories are the same and ordered) whereas MCA imposes fewer such constraints (Blasius and Greenacre, 2006) . It should be noted that all the asset indicator variables tracked at the Agincourt field site are categorical which, as mentioned above, reinforces the use of MCA.
APPENDIX 2 Multivariate statistical model
The Bayesian ordinal model we used is based on that developed by Hedeker & Gibbons, 1994 . It assumes that the observed socio-economic tertile Y i,t of household i (i = 1,. . .,) at year t (2001, 2003, 2005, 2007) follows a categorical distribution, Y i,tC ategorical(p i,t , 1:C) with probability p i,t . A continuous scale may be envisaged to underlie the SEP tertile, with a series of thresholds t 1 , t 2 ,. . ., t c À 1 defining which of C categories (tertile) a household lies in.
The likelihood model for household i at year t is then logitQ i;t; c ¼ t c À m i;t p i;t ; 1 ¼ Q i;t;1 p i;t ; j ¼ Q i;t; j À Q i;t; jÀ1 forj ¼ 2; . . . ; C À 1 p i;t ; c ¼ 1 À Q i;t;cÀ1
with the various models as follows
(1) multivariate non-spatial model m i, t = b 0 + bX it + u i (2) mutlivariate spatial model m i, t = b 0 + bX it + u i + ' it The spatial kriging model was specified differently as follows:
Continuous MCA asset score for household i and year t is normally distributed MCA i,t~N ormal(mu i,t , t) where mu i,t = b 0 + ' it and t represents the precision (1/variance) of the Normal distribution and assumed~Gamma(1,1).
For all models, b 0 is the intercept, X it is the covariate vector (time constant and varying), and b is a vector of unknown regression coefficients. The regression coefficients (b) as well as the constant (b 0 ) was given non-informative normal priors centred around zero, namely~Normal (0,0.1). To account for the spatial correlation, we introduced a village-specific random effect, ' it . A household level random effect (u i ) for repeated longitudinal observations on a household was also introduced.
The household level random effect, m i , was modelled as a Normal distribution, m i~N (0, s 2 u ). The village-specific random effect has a multivariate normal distribution, ' i~M VN (0,S), with variance-covariance matrix S expressed as a parametric function of distance between pairs of the 21 village centroids points. We also 
